Abstract-Due to its importance and possible applications in visualization, tumor detection and preoperative planning, automatic small bowel segmentation is essential for computer-aided diagnosis of small bowel pathology. However, segmenting the small bowel directly on computed tomography (CT) scans is very difficult because of the low image contrast on CT scans and high tortuosity of the small bowel and its close proximity to other abdominal organs. Motivated by the intensity characteristics of abdominal CT images, the anatomic relationship between the mesenteric vasculature and the small bowel, and potential usefulness of the mesenteric vasculature for establishing the path of the small bowel, we propose a novel mesenteric vasculature map-guided method for small bowel segmentation on high-resolution CT angiography scans. The major mesenteric arteries are first segmented using a vessel tracing method based on multi-linear subspace vessel model and Bayesian inference. Second, multi-view, multi-scale vesselness enhancement filters are used to segment small vessels, and vessels directly or indirectly connecting to the superior mesenteric artery are classified as mesenteric vessels. Third, a mesenteric vasculature map is built by linking vessel bifurcation points, and the small bowel is segmented by employing the mesenteric vessel map and fuzzy connectness. The method was evaluated on 11 abdominal CT scans of patients suspected of having carcinoid tumors with manually labeled reference standard. The result, 82.5% volume overlap accuracy compared with the reference standard, shows it is feasible to segment the small bowel on CT scans using the mesenteric vasculature as a roadmap.
75% of the length ( 20 ft) and 90% of the surface area of the GI tract [1] . Early diagnosis of small bowel diseases is a diagnostic challenge for three main reasons [1] , [2] . First, symptoms of small bowel diseases such as tumors are vague and nonspecific for most of the patients. Second, the deep location of the small bowel is beyond the reach of most flexible endoscopes. Third, the small bowel twists and turns along its length to form multiple complex loops, a configuration which makes it difficult to investigate. The absence of symptoms and the failure to perform a proper diagnostic test contribute to an average delay in diagnosis of six to eight months [3] . Several imaging techniques are available for small bowel disease diagnosis, such as small bowel follow-through, enteroclysis, endoscopic tests, and computed tomography (CT) [4] . Small bowel follow-through is time-consuming and achieves poor distention of the bowel. Enteroclysis is uncomfortable for patients and time-consuming. The reliability of capsule endoscopy (CE) remains unclear because of limitations in its field-of-view, frame rate, and incomplete small-bowel transit [4] . Because of the convenience of performing and the efficiency for diagnosis compared to other techniques, CT has become one of the primary methods for the diagnosis of small bowel pathology [1] , [4] . To evaluate the small bowel using CT, radiologists need to visually examine the CT scans slice-by-slice. The interpretative procedure is time consuming and error-prone because of the variability of disease presentation. Automatic segmentation of the small bowel in a 3-D volume could help address such limitations. It is very useful for visualization, tumor detection, localizing exact relative position of tumors in the small bowel and preoperative planning.
To our knowledge, there are no existing methods to segment the entire small bowel on 3-D CT scans. It is very challenging to segment the small bowel directly on CT scans for four main reasons. First, the small bowel is in close apposition to other abdominal organs, such as muscle, vessel, kidney, and liver, on CT scans. Second, the small bowel has an intensity distribution and texture that are similar to those of other abdominal organs on CT scans. Third, the small bowel has a very complex configuration, with twists and turns along its entire length. Fourth, the small bowel is mobile and configuration on two scans of the same patient may be significantly different. These four characteristics make it very challenging to distinguish the small bowel from other organs or to predict its location even with a very complex model. Image segmentation were proposed for many applications, a recent survey can be found [5] . Methods such as region growing [6] , the deformable models, level sets [6] , graph cuts [7] , and watershed algorithms [8] are sensitive to noise, contrast U.S. Government work not protected by U.S. copyright. and edge information, and cannot be applied to small bowel segmentation because of intensity similarity and close proximity to other organs. While model-based methods [9] , including template-based methods and statistical model-based methods, require the similarity between the learned model and the test data, they cannot be used to segment the small bowel which moves and changes its shape continuously. There are also some other methods using supervised or statistical driven methodologies [5] for image segmentation. Their performance relies on the discrimination power of the extracted pixel-wise or region-based features. They cannot solve the problem but can be used to adjust or improve the segmentation results which will be discussed in detail in Section IV.
As discussed above, direct segmentation of the small bowel on CT scans is very challenging. In our previous work [10] , we showed that one can approach the problem by performing an easier segmentation of the mesenteric vasculature as a roadmap to segment the small bowel. This paper is an extension of our previous works. We provide a more thorough theoretical discussion and experimental evaluation, and improve the result by introducing muscle segmentation, major artery tracing, vessel reconnection and colon removal. The motivation for using the mesenteric vasculature-guided method rests upon three important factors. First, following administration of intravenous contrast agents, blood vessels are much brighter than the small bowel on CT scans. Consequently, the segmentation of the vessels is easier than that of the small bowel. Second, there are strong anatomic relationships between the mesenteric vasculature and the small bowel as shown in Fig. 1 , e.g., the small bowel is located at the margins of the mesenteric vessels. So, we can localize one side of the small bowel (the side of the mesenteric sheet) if we can localize the extremal points of the mesenteric vessel tree. The third and most important is that the mesenteric vasculature provides benefits for the desired clinical application. It is clinically useful to separate the small bowel into its three parts (the duodenum, the jejunum, and the ileum) and to estimate the path of the small bowel for tumor localization. As the small bowel has complex and variable configuration, it is difficult to "colormap" the path of the small bowel directly. However, the structure of the mesenteric vessel tree is relatively stable, and follows the same organization as do the named parts of the small bowel. Therefore, segmenting the mesenteric vasculature necessarily defines the order of the small bowel segments to which it is attached.
In this paper, we present a novel mesenteric vasculature-guided method for small bowel segmentation on high-resolution contrast-enhanced CT angiography (CTA) scans. It detects the larger superior mesenteric artery (SMA) branches, segments the smaller mesenteric artery branches, constructs a map from these branches and then segments the small bowel using the map. The contributions of our work focus on three aspects. First, a multi-linear vessel tracing method under the Bayesian inference framework was proposed to segment the larger arteries. Second, smaller mesenteric vessels were segmented by multi-scale, multi-view vesselness enhancement filters on maximum intensity projection (MIP) images followed with effective methods to remove nonvessel line-structures and nonmesenteric vessels. Third, a novel vessel map-guided framework was proposed to segment the small bowel. Experimental results support the use of the mesenteric vasculature as a roadmap to segment the small bowel on CTA scans.
The remainder of this paper is organized as follows. The materials are described in Section II. The presented method is discussed in Section III. Section IV analyzes the experimental results using abdominal CT scans. Finally, Section V summarizes this paper.
II. MATERIALS
The data set consisted of high-resolution abdominal CT angiograms of patients suspected of having small bowel carcinoid tumors at a single research hospital. Data acquisition and analysis were conducted under an Institutional Review Board (IRB) approved protocol. CT scans were acquired following oral administration of three bottles Volumen and intravenous administration of 130 ml Isovue-300 with 5 ml/s injection rate and 30 s delay (the injection rate and delay may change a little according to patient's weight). The scanning parameters were section collimation 1.0-mm, reconstruction interval 0.5 mm, 512 512 matrix, and in-plane pixel dimensions of 0.86-0.94 mm depending on the participant's body size. The original CT scan data includes chest, abdominal, and pelvis regions, and the abdominal region with all the small bowels was manually truncated for analysis.
The mesenteric vasculature of one case and the small bowel of 11 cases were manually labeled in the 3-D volume using Vascular Editor software [11] as the reference for evaluation. With Vascular Editor, the images were reviewed slice-by-slice with the aid of multiplanar reconstructions, and the paths of the small bowel or vessels were carefully traced in the 3-D volume. Each segment of vessel or small bowel is determined by its centerline and corresponding diameter and labeled as a set of tubular segments which approximate the small bowel path and diameter. With this tubular reference standard, it is possible to miss bits of small bowel having varying diameter within a tubular segment. One example is shown in Fig. 2 . One medical student and two board-certified diagnostic radiologists independently labeled five, one and five small bowel paths, respectively. We are aware of the fact that our dataset is unique and the number of patients is limited. It is because that our work is the first attempt to segment the entire small bowel on CT scans, and that it is very time consuming to label the data. It took the medical student two weeks to label the mesenteric vasculature of one case, and several days to accurately label the small bowel path of one case. To improve the accuracy of the reference data, a postdoctoral fellow reviewed all the reference data slice-by-slice along the labeled tubes and fixed most errors.
III. METHODS
The flowchart in Fig. 3 provides an overview of the method. It mainly consists of five necessary steps. First, the internal abdomen region is automatically identified to localize the searching region. Second, the major mesenteric arteries are segmented using a vessel tracing method. Third, vesselness enhancement filters are used on MIP images to segment all abdominal vessels. Fourth, mesenteric vessels are distinguished from other vessels by calculating a local distance map, and vessel bifurcation points are linked to generate the mesenteric vessel map. Finally, the small bowel region is segmented employing the mesenteric vessel map.
A. Internal Abdomen Region Identification
Identification of the internal abdomen region, which includes identifying the body contour, subcutaneous adipose tissues (SAT), bones, and muscle, is a necessary step to reduce computational cost and false positives for small bowel segmentation. It is also required for surgical planning and abdominal organ recognition and evaluation [12] , [13] . Since both the mesenteric vasculature and the small bowel are located within the internal abdomen region, identifying and removing anatomic structures outside this region will reduce greatly the computational cost and false positive rates. The structures to be removed include SAT, muscles, and bones. False positives on such structures are much harder to remove later in the image processing pipeline. The principle behind vessel segmentation is to detect line-like or tube-like structures in the 3-D CT volume while there are many nonvessel line-like structures within regions of SAT fat and muscles. Second, it is hard to distinguish small bowel from closely apposed muscle. The small bowel has similar intensity range compared to muscles on CT scans, and the small bowel and muscle touch each other in some places. Thus, it is very likely to misidentify part of muscles as small bowel and vice versa. Third, it is necessary to remove bones, such as spine, ribs, and pelvis, to avoid obscuring vessels and small bowel on the MIP images.
Similar to our previous work [10] , the procedure is executed slice-by-slice with context constraints to identify the body contour [14] , SAT fat [14] , spine [15] , ribs, and pelvis one-by-one using our previous methods. In this work, we further improved the results of vessel and small bowel segmentation by identifying and removing the abdominopelvic muscles. Muscle is segmented and removed by combining an atlas model with an active contour model [16] . For each patient, predefined muscle atlas models were first initialized at different body locations. Then, an active contour model was used to refine the internal muscle wall boundary slice-by-slice. The muscle wall was further smoothed using contextual information, i.e., the muscle thickness of the current slice is a weighted average of adjacent and current slices. Fig. 4 shows the procedure and results of internal abdomen segmentation after excluding regions of undesired structures on an example data. On a PC with Intel Xeon 2.66 GHz CPU and 12 GB RAM, bone, fat, and muscle segmentation for a 500 slice data need 30 s, 30 min, and 30 min,, respectively.
B. Major Mesenteric Artery Tracing
As the method uses the mesenteric vasculature as a roadmap to segment the small bowel, we need to build the vessel tree by only segmenting mesenteric vessels. However, within the internal abdomen region, there are some vessels which do not belong to the mesenteric vasculature, that is, they do not supply the small bowel. It is very difficult to distinguish the mesenteric vessels from other vessels. We make use of the knowledge that the mesenteric vasculature arises entirely from the superior mesenteric artery, a major branch of the abdominal aorta. With this prior anatomical knowledge, we first identify the SMA, and then detect the remaining mesenteric branches connecting to the SMA. The presence or absence of a connection to the SMA can be used as the criterion to distinguish mesenteric vessels from other vessels. In this subsection, we discuss our method to segment the large arteries. Because of its importance and numerous applications in computer-aided diagnosis (CAD) systems, many methods have been proposed for vessel segmentation, especially for large vessels [17] , [18] . Among them, tracking-based methods have been used widely and achieved satisfying results [19] for large vessel segmentation. Tracking-based methods have advantages in handling leakages, occlusions, discontinuities, and variations in vessel size and shape [19] , [20] .
In this section, the abdominal aorta and the superior mesenteric artery and their distal branches are segmented using a vessel tracing method based on a multi-linear subspace vessel appearance model and Bayesian inference. Here, there are two reasonable assumptions. First, there is a well-defined centerline along the vessel tube. Second, the vessel diameter changes slowly over a short range. That is, although the appearance manifold of the entire vessel may be nonlinear and complex, we assume that the manifold of a short piece of vessel is linear. A problem encountered when tracing long vessels is that they exhibit large variations in direction, intensity, shape, and size. Consequently, traditional tracking-based vessel segmentation methods using linear models will fail. The multi-linear subspace vessel appearance model in our work can handle these variations. During tracing, vessel segment locations are predicted and vessel appearance models are updated adaptively. The matching between two successive steps is formulated as a probability optimization problem under the Bayesian inference framework, where a particle filter is applied to reduce computation [21] . Similar to other tracking-based approaches, our method applies local operators on a focus known to be a vessel segment and tracks it along the vessel tube. The method starts from an initial point, and identifies vessel segments iteratively in the 3-D volume by estimating vessel model parameters. It consists of the following steps: initializing the start point automatically, learning the multi-linear subspace model of vessel segments, predicting states and updating models using Bayesian inference, postprocessing for smoothness and refinement.
To initialize the start point, the beginning (top) of the abdominal aorta is detected around the center of the first slice followed by thresholding. Then a short vessel segment following the initial point is detected using 3-D region growing within a predefined length. In the middle cross section of the vessel segment, dozens of seeds are placed on radial lines crossing the center, as shown in Fig. 5 . In theory, the more seeds that are placed, the better the performance of vessel tracing. In our implementation, the number of seeds is proportional to the vessel diameter and set empirically. Section IV has more discussion about the selection of the number of seeds. For each seed, we construct a generalized cylinder (GC) model which can be denoted by , where denote the spatial position of the seed, denote the radius and length of the model, denote the rotation angle in and direction, respectively, denotes the size scale. Each cylinder model has its own position, size, and direction. The final binary mask of vessel derives from the combination of all these cylinder models. Every seed (cylinder model) is tracked individually so that all branches can be visited, and information from all seeds will be integrated to generate the final tracking result.
1) Multi-Linear Subspace Modeling:
In this section, we present an appearance modeling approach, which employs nonlinear models and can preserve most of the appearance variations. To represent variations of vessel appearance, we learn a multi-linear subspace model, which is different from traditional models which solve problems in single linear space.
Given a particular vessel segment which is visited by a seed (cylinder model) in steps, we first calculate its weighted intensity values. Let denote a feature vector, usually named observation, consisting of weighted intensity values at step , where is the number of voxels inside the vessel segment, i.e., the dimension of the feature vector. Let denote an observation set of the vessel segment visited by this seed in steps, that is, the vessel propagates steps from the beginning to the end, and one observation is recorded for each step. Supposing that the entire appearance manifold constructed by can be represented by linear subspaces, we cluster into subsets , where is the number of observations in the th subset and it satisfies . The value of reflects the extent of variation in the vessel segment which is visited in steps. It is set empirically with the value which is the tradeoff between computation cost and performance, and will be discussed in detail in Section IV.
For each subset , a linear subspace model is learned. To eliminate the influence caused by the mean of training data, is centered to , where is the mean of the observation set . To represent the vessel segment accurately, the subspace preserving most variations in should be achieved. The cost function is defined as follows [21] ( 1) where is the scatter matrix of , which is defined as is the number of principal components we want to preserve in the subspace. The larger is, the more variations of observations can be preserved by this subspace. It can be defined by the following criterion: (2) where is a predefined threshold.
The solution of (1) is the orthogonal eigenvectors of corresponding to the first largest eigenvalues of . We can use the singular value decomposition (SVD) method to get the projection matrices , which correspond to the first largest singular values of . The singular value matrix is denoted by . With the solution of (1), the learned subspace of can be represented by its mean and the projection matrix . Given a test sample (the feature vector of a new vessel segment) and the centered result , the projection of onto the subspace can be computed as
The reconstruction of using this subspace can be defined by (4) For subsets, we compute linear subspaces. Then the appearance model learned from can be denoted by , where . 2) Appearance Model Updating: Since a vessel and its surroundings keep changing in orientation, intensity and scale, an appearance model learned from the first portion of the vessel cannot handle variations in the entire vessel. So, we need to update the learned appearance model adaptively when new vessel segments are localized.
Given the current appearance model and the feature vector of the new localized vessel segment , appearance model will be updated according to . If belongs to certain subspace will be added into . If not, a new subspace will be generated to replace the subspace which has the largest reconstruction error. Let denote the updated appearance model, where is the normalized mean of the th subspace in model . A test sample can be represented by , where is the reconstruction coefficient vector, then
The reconstruction error is calculated as (6) For any , if is smaller than some predefined threshold will be added into and is adjusted by updating its mean and projection matrices with ; if there is no satisfying , we will construct a new subspace and use it to replace subspace . The mean of the new subspace is , the projection matrix is initialized as . The appearance model is updated at each step.
3) Tracking by Bayesian Inference: For tracking-based methods, the state (parameters of cylinder models) needs to be estimated. The state estimation of vessel tracking is formulated under the Bayesian inference framework, where a hidden Markov model is used to optimize the tracking result. Given the observation set , the cylinder model at step can be determined by the maximum a posteriori (MAP) estimation (7) where can be inferred by the Bayesian theorem in a recursive manner (8) where
. It is time consuming to compute the MAP estimation directly. To reduce computation cost, a particle filter is adopted to estimate the state sequence. Using the particle filter, the posterior is approximated by a finite set of samples with corresponding importance weights . The candidate sample is drawn from an importance distribution and the weight of the th sample is (9) Because of the Markov property, we have . Given the cylinder model parameter set , each parameter in is modeled independently with a Gaussian distribution around its counterpart in , then we have , where is a diagonal covariance matrix whose elements are the corresponding variances of cylinder model parameters.
is the probability of the model generating . It can be defined as (10) Then, we can calculate the MAP estimation and the estimated result will adjust and generate the new vessel segment model.
Beside appearance model and Bayesian inference, tracking speed, errors in tracking, bifurcation and termination condition for vessel tracing are further discussed. First, the moving distance (tracking speed) of each tracking step along the tangential direction of the vessel tube is fixed for all vessel cylinder models. Second, all tracked and updated cylinder models in each tracking step constitute a new vessel tracking result. During tracking, each seed with corresponding cylinder model is tracked independently. After each tracking step, the updated cylinder models have different size, location, and orientation and generate a big region. Thresholding within vessel intensity range is used in this region to separate vessel voxels from background. With the thresholded result, cylinder models covering few vessel voxels are reset using the center of the thresholded region, and parameters of other well fitted cylinder models are updated with the best orientation within a predefined range. Third, bifurcation is solved by simultaneous tracing procedure of multiple seeds which is demonstrated in Fig. 6 . As our vessel tracing is applied to large well-enhanced arteries (Fig. 6) , tracking failure is infrequent, and will be fixed after model updating in error adjustment. As shown in Fig. 5 , cylinder models are initialized with seeds which are not placed in the center and at different orientations. As these cylinder models are tracked independently, they will follow different trajectories during tracking, and go to different branches when facing a bifurcation. As each seed is traced independently, the seeds will go to different branches based on matching when there is a bifurcation. In theory, all branches will be visited by enough seeds if a large amount of seeds are used. The simultaneous multi-seed tracing method can handle bifurcation by itself. Fourth, the tracing procedure will be terminated by evaluating the fitness between tracked models and image data , i.e., how well the image data support the hypothesis of the existence of a vessel. It terminates when the possibility of the best "matched" region among all candidates to model is below a certain predefined threshold, .
C. Small Mesenteric Vessel Segmentation
To find the extremas of the mesenteric vessel tree, small mesenteric vessels need to be segmented. Segmenting small vessels is very challenging because of the low image contrast, high tortuosity, complex surroundings, and small size of these vessels. As vessels become smaller, the effect of the contrast agent will be weakened and the image contrast of vessels will be low. Small vessels do not have a clear tube-like structure in the 3-D volume, and have complex configuration, such as bifurcations, loops, and intersections. In addition, the surrounding structures in the abdominal region are complex, as vessels may be close to liver, kidney, small bowel, colon, and unremoved muscle. Because of these complexities, the traditional vessel segmentation methods, which are proposed mainly for large vessels, will fail.
Vesselness enhancement filters tend to work better for delineation of small vessels than other vessel segmentation methods [22] , [23] . They can enhance objects with specific structures while suppressing other objects, and even better multi-scale filters can work well over a large size range of vessels. However, vesselness enhancement filters tend to fail to detect some of mesenteric vessels with small size and low contrast, which may present discontinuities in 3-D volume. While MIP was proposed to capture the geometric structure in a single image, MIP extracts high-intensity structures from volumetric data and makes the structures prominent. So, it will be easier to detect the small vessels on MIP image than from the original 3-D data using vesselness enhancement filters. On MIP, the projection value is given by the maximal voxel intensity along the projection line. Since we have already excluded SAT, muscle and bones, we can avoid some possible effects of occlusion on MIP images. In this subsection, an automatic method based on multi-view, multi-scale vesselness enhancement filter on MIP images is introduced to extract small mesenteric vessels on high-resolution abdominal CTA scans.
We first partition the CT volume into overlapping slabs, which move voxel-by-voxel in the 3-D volume. Slab thickness is empirically set to 16 mm. The thickness of the slabs greatly impacts the performance of vessel segmentation. When the thickness is small, small vessels are not sufficiently prominent on the MIP and are hard to segment using enhancement filters. When the thickness is large, occlusions by other organs and overlap of vessels occur. So, a proper thickness which can cover the size range of mesenteric vessels while reducing occlusions should be used. In Section IV, we will show the effect of the slab thickness on the performance of MIP-based small vessels segmentation using experimental evaluation. Then, one MIP image is generated from one slab by extracting the maximal voxel intensity along the projection line within the slab. Meanwhile, the spatial coordinates of voxels with maximal intensity value are stored and used for backprojecting the vessel mask from 2-D to 3-D volume, that is, the depth information of voxel on the MIP is stored. To segment vessels within a large size range, multi-scale filters must be used one-by-one. To reduce possible occlusions, detected major arteries and large-scale vessels during the last step are excluded before generating new MIP image set, and small-scale filters are used to segment vessels on the new MIP images. To compensate for the loss of spatial information and possible occlusions of MIP images, it is necessary to view the data from multiple view points. That is why multi-view method is used in our work. By rotating and resampling the 3-D coronal volume, MIP images are generated iteratively for each view point and used for vessel segmentation on multiple scales.
Among vesselness enhancement filters, Frangi's line-structure filter [22] , a multi-scale vesselness enhancement filter, has been used widely and achieved gratifying results. The Frangi's filter requires calculation of a second-order local Hessian matrix and its eigenvalues. The Hessian matrix for each pixel is computed by convolution with the second order derivatives of a Gaussian with scale (11) where is the image intensity at pixel . Its corresponding eigenvalues are and . Line-like structures satisfy the following criterions:
. The Frangi's vessel likeliness measure for 2-D images is defined as (12) where , and are thresholds which control the sensitivity of the line filter to the measure and , respectively. Frangi's filters are used iteratively from coarse to fine scales on every view MIP image set. In each step, vessels detected at the coarser scale are excluded and MIP images are regenerated.
1) Nonvessel Line Structure Removal: While enhancement filters are designed to detect objects with specific structures other than specific organs or tissues, Frangi's filters work well for all kinds of line structures. Many nonvessel line structures will be detected. They are not vessels but have line-structures, most of them are located at the boundaries of abdominal organs and tissues. These nonvessel line structures must be removed before we build the mesenteric vessel map. From Fig. 7 , we can see that there are significant difference between vessel regions and nonvessel regions. The vessel will be projected on the MIP into a narrow band or line with highest intensity in the center. The intensity profile of vessel regions on the MIP image approximate Gaussian distribution peaking at the center (Fig. 7) , i.e., there is a bright line in the center which divides the region into two symmetric parts. Non-vessel regions have clear boundaries which divide the region into two parts with different histograms, i.e., one part is bright and the other is dark. Given detected line (vessel centerline or boundary centerline) in the candidate region, we will model the intensity profile perpendicular to the line. That is, the 2-D candidate region is projected and normalized into 1-D intensity values. The Gaussian characteristics of vessel regions is measured and used to distinguish vessel structures from nonvessel structures.
The intensity distributions of the test region and vessel reference regions are defined as and , respectively, where means Gaussian distribution, is the mean and is the variance. The distance between the test and reference is measured by the Kullback-Leibler distance [24] (13) where is the expectation under the density is a constant. Given current vessel size scale , parameters of reference model are learned from positive vessel regions. Gaussian parameters of and are estimated for every test region at the same scale as reference. Test candidates with large distance from the references at all size scales will be considered as nonvessels. Nonvessel line structure removal results are shown in Fig. 8(c) (nonvessel removal, center-line detection and morphological operations are executed). Similar to vesselness enhancement, nonvessel removal is executed on multi-scale and multi-view MIP images.
After nonvessel line structure removal, vessel mask detected on 2-D MIP images are backprojected into 3-D volume. A depth index for each pixel on MIP image is stored when we build the MIP images. If one pixel on MIP image is detected as vessel pixel, we place a vessel voxel at the same location on the slice corresponding to the depth index. To avoid discontinuity in 3-D volume, we also classify voxels within a neighborhood region of each vessel voxel into vessel voxels or nonvessel voxels according to the intensity similarity between each voxel and the vessel voxel, where the size of the neighborhood region is determined by the scale used to detect vessels. The vessel mask segmented on each scale is backprojected into 3-D volume independently and are merged directly in the 3-D volume. The independent projection eliminates the effect of occlusions and influences of close vessel voxels. The vessel masks segmented on different views will be merged using weighted summation, where weights are set manually. After mask merging, 3-D smooth operations (dilation and erosion) are used to fill small gaps and remove outliers. A smooth 3-D vessel mask will be generated.
2) Nonmesenteric Vessel Removal: As we use mesenteric vasculature as reference to segment the small bowel, any nonmesenteric vessels and nonvessel structures outside the range of mesenteric vasculature should be removed because they will bring many false positives to the results of small bowel segmentation. However, vesselness enhancement filters cannot distinguish mesenteric vessels from nonmesenteric vessels, and they are applied to the entire internal abdomen region. As shown in Fig. 8(c) , many vessels supplying organs other than the small bowel are segmented. To remove nonmesenteric vessels, anatomical knowledge that all mesenteric vessels connect to SMA directly or indirectly is used. The result of major mesenteric artery tracing is first integrated, and then nonmesenteric vessels are removed by evaluating the connectivity between SMA and vessels detected by Frangi's filters. If the vessel connects to SMA, it is a mesenteric vessel. If not, it will be classified as a nonmesenteric vessel and will be removed. In this subsection, we conduct nonmesenteric vessel removal in the 3-D vessel mask using modified local distance map [25] .
With the vessel mask, a local distance map is calculated from the top of SMA. A distance map is an image (or volume) where the value of each pixel (voxel) is the distance from this pixel (voxel) to the nearest pixel (voxel) belonging to a given set or object (mesenteric vessel). Our local distance map has three kinds of values, 0 denotes nonvessel voxels, 1 denotes mesenteric vessel voxels, values bigger than 1 are intermediate values denote the distance between this voxel to the nearest voxel belonging to mesenteric vessels. Distance map calculation and voxel classification are executed simultaneously. First, one point at the top of the superior mesenteric artery is initialized, and the value of this voxel is set to 1. A distance threshold is predefined, and it is also used as the size of local sliding window. Second, within the local window centering at the initialized point, the distance values between voxels belonging to vessels (any detected vessels) and the initialized point are calculated. Third, distance values are thresholded to indicate mesenteric vessel voxels or nonmesenteric vessel voxels using the predefined threshold. The local window slides and propagates along vessel branches in 3-D space until all detected vessel voxels are classified. One result is shown in Fig. 8(d) , where the vessels supplying colon, liver and muscle are removed.
D. Small Bowel Segmentation
As discussed, there are strong anatomical relationship between the mesenteric vasculature and the small bowel. Mesenteric vessels supply the small bowel along the mesenteric sheet, which can be seen as the surface spanned by extremas of the mesenteric vasculature. The side of the small bowel that touches the mesenteric vessels is called the "mesenteric" side, and the opposite side is called the "anti-mesenteric" side. So, the mesenteric side can be localized once we find all of the extremas of the mesenteric vasculature. The idea is to segment the small bowel using region growing methods with a large number of initial seeds (the extremas of the mesenteric vasculature). Since there are a large number of seeds well-localized by the vessel tree, the small bowel segmentation is well-initialized.
The performance of small bowel segmentation relies greatly on the accuracy and number of seeds. As shown in Section IV, missing some small vessels does not adversely impact the small bowel segmentation, while false seeds can adversely impact the segmentation. From the experimental results, we can see that if we can control the false positive rate of the vessel segmentation, acceptable small bowel segmentation will be derived.
1) Building the Mesenteric Vessel Map:
As shown in Fig. 8(d) , there may be discontinuities in the segmented vessels. It is difficult and unreliable to localize extremas of the mesenteric vasculature from these unconnected segments directly. Instead of the method using chains of bifurcation points in our previous work [10] , we try to generate a complete vessel tree and find the leaves of the tree to localize the expected extremas.
Extraction an accurate vessel tree is limited by the complex structure of vessels and the performance of vessel segmentation. Fortunately, as shown in Fig. 9 , we can localize accurately the extremas of the mesenteric vasculature even when errors occur when we reconnect vessel segments to build the vessel tree. So, it is not necessary to build the accurate vessel tree at the smallest vessel level to localize the locations of the vessel extremas points. We can build a "sketchy" vessel tree, which has accurate branch direction and end points (including root, leaf and bifurcation points) of vessel segments, and is tolerant a few errors in the middle portion of the vessel tree. We know that all extremas locate at the end point of the leaf branches/segments of the vessel tree. So, it turns to localizing all leaf branches and their end points. The vessel tree can be encoded as a graph , where is the set of vertices which correspond to end points of vessel segments, is set of edges which correspond to the vessel segment between end points.
We modified a simple and efficient connected component method [26] to detect vessel bifurcations and end points on MIP images. A hollow circle centered at certain pixel with inner radius and outer radius is placed. Then the number of connected components inside the hollow circle is counted. As shown in Fig. 10(a) , a hollow circle centered at a bifurcation point [such as points 3 and 4 in Fig. 10(a) ] should have three or more components, while that of other points have one or two connect components. The method is easy to be implemented and performs well. A result of bifurcation point detection is shown in Fig. 10(b) . Then, end points but not bifurcation points of vessel segment are detected. With detected end points and bifurcation points, disconnected vessel segments are reconnected by evaluating the orientation and distance between vessel segments, as shown in Fig. 10(c) and (d) . With the reconnection, corresponding endpoints were converted to bifurcation points, while the others remain as root and leaf nodes of the vessel tree. With the reconnected complete vessel tree, we can encode the vessel tree using a graph. Starting from the root point of the mesenteric vasculature which is initialized as the top of the SMA, we first find the nearest bifurcation points in a predefined distance, and then evaluate the connectivity between the root point and these near bifurcation points as shown in Fig. 10(d) . If a bifurcation point connects to the root point directly, then we add this point as a node in the graph, and add the vessel segment between the point and the root point as an edge in the graph. We then move to the next set of bifurcations. After all bifurcation points are added into the graph, extremas are localized along the vessel segments attached to the leaf nodes as the pink points in Fig. 10(d) . The extremas and corresponding edges are further added into the graph, and the complete vessel tree is achieved.
2) Small Bowel Localization: As discussed above, the mesenteric side of the small bowel is located along extremas of the mesenteric vasculature (Fig. 11) . From Fig. 11 , we can see that the small bowel region is homogeneous within a certain intensity range. Starting from the mesenteric side of the small bowel, we can identify the other side of the small bowel (the "anti-mesenteric" side) using fuzzy-connectedness (FC) [27] according to intensity and shape. Regions between these two boundaries and close to mesenteric vessels are connected as the expected small bowel region. The small bowel region has high contrast compared to air and fat regions, and has low contrast compared to muscle, colon, liver, and kidney. So, the FC-based region growing will not leak into air and fat regions, but may leak into other organs. Considering the anatomic relationships between the small bowel and the mesenteric vasculature, leaked regions far away from mesenteric vessels will be removed. That is, following shape analysis and connected component analysis, candidate regions far away from all of leaf mesenteric vessels are removed. As shown in Fig. 11 , although it leaks into the colon, only part of the colon close to the mesenteric vessels is kept.
E. Performance Evaluation Method
To assess the capability of our vessel segmentation method, two kinds of standard error metrics were used, overlap and accuracy [20] . We define the manually labeled reference volume and automatically segmented volume . Overlap measures, such as precision (mean of volume overlap), recall (true positive fraction) and false positive rate (FPR) are defined as (14)- (16) . Two accuracy measures based on distance measurement are defined as (17) and (18): average distance (AD) between the reference standard and the segmented centerline and average distance inside vessel (ADI) which excludes segments whose radius is larger than the reference standard, the later one eliminates the effect of outliers. These evaluation measurements are based on a point-to-point correspondence between the reference standard and the segmented results To assess the capability of the small bowel segmentation method, false positive rate (FPR) defined in (16), volume overlap (VO) and Dice coefficient (DC) [28] defined as (19) and (20) were used. To further assess the capability of the segmentation method and to improve the performance in future, the distribution of false positives [portion rate defined in (21) ] is evaluated based on one manually justified case, where the results were reviewed slice-by-slice and the false positive mask was manually labeled as colon, small bowel, muscle, and other organs (19) 
IV. EXPERIMENTAL RESULTS
To implement the method, several parameters should be set, such as the number of seeds for vessel tracing, the thickness of slab for generating MIP images, the numbers of scales and views for vesselness enhancement and some predefined threshold values. In the experiments, these parameters were set empirically as described in this section and applied to all cases in our database which contains a variety of body compositions and bowel configurations. To address the entire range of vessel sizes and contrasts in abdominal CT angiography data sets, major artery tracing and multi-scale vesselness enhancement were combined in this work. The 3-D coronal volume was resampled four times to create four views, each offset from the other by a 45 rotation about the craniocaudal axis. Vesselness enhancement was conducted on each view independently. By checking all of the data, we can see that the diameter of mesenteric vessels fall in the range of 1-10 mm. According to the performance of Frangi's filter, experiments were conducted at four scales for Frangi's filtration. Predefined threshold values, such as threshold values to evaluate matching in tracking, distance, orientation, and binarization in Frangi's filters, were set empirically, 0.73, 5 mm, 18 , 0.6-0.8.
For major artery tracing, the number of seeds affects both the tracing accuracy and computation cost. Experiments for evaluating the effect were conducted. In vessel tracing, each seed was tracked independently. The computation time will increase linearly with the number of seeds, and the cost is acceptable with dozens of seeds. The accuracy [recall defined in (15) ] and false positive rate are shown in Fig. 12 . We aim to detect three branches of the abdominal aorta (right common iliac artery, left common iliac artery, and superior mesenteric artery, as shown in Fig. 6 ) using vessel tracing. Ideally, each branch needs one seed for tracing. To guarantee every branch can be visited by at least one seed, at least three seeds should be used. However, we know that more seeds will result in better performance in theory. To choose an appropriate number of seeds, we made a tradeoff between tracing performance and computation cost. As shown in Fig. 12 , the recall rate does not increase anymore when there are more than 30 seeds, while there are more false positives. When the number of seeds increases further, the overlap of ground truth and segmentation result [numerator of (14) and (15)] approaches the ground truth, and more false positives are segmented. So, the precision will decrease while recall does not, and the false positive rate will increase. Considering the computational cost as well, we set the number of seeds for vessel tracing to be 30 in our experiment.
In vesselness enhancement, different thicknesses of slab for building MIP images were evaluated independently. Thickness values of 1, 5, 10, 15, 20 , and 25 mm were tested, and the results are shown in Fig. 13 . From the results, we can see that when the thickness is very small, such as smaller than 5 mm, vessels in 3-D cannot generate clear line structures in 2-D image which leads to low volume overlap, while noise cannot be eliminated sufficiently, contributing to many false positives. When the thickness is too large, occlusions of vessels lead to reduced performance. In our experiments, we set the slab thickness to 16 mm.
For the segmentation of the mesenteric vasculature, the purpose is to segment the vessel centerlines as accurately as possible. The experimental results of mesenteric vessel segmentation are shown in Figs. 8 and 16 , and Table I . From the figures whose total width is around 440 mm, we can see that the system can automatically detect small mesenteric vessels with diameter approximately 1 mm. As shown in Fig. 16 , the large vessels have smoothed mask compared to small ones because of the small size, low contrast, and noises of small vessels. The large vessel mask preserves most of the variations of the vessel appearance such as at locations with protuberance and bifurcations. The mask for small vessels has thorns and disconnections in some places, but they preserve the path compared to the reference. Performance evaluations of vessel tracing for major arteries, vesselness enhancement for small vessels, and the segmentation of the entire vessel tree were conducted independently, and the statistical results of mesenteric vasculature segmentation on one case is shown in Table I . From the table, we can see that more than 83% mesenteric vessels were detected. Furthermore, the recall rate of vessel tracing for major arteries and vesselness enhancement for small vessels were 93.4% and 80.4%, respectively. That is, most missed vessel segments happen on small vessels because of low image contrast and small size of the vessels. Our result tends to present a smaller vessel mask than the truth; this is the reason why average distance and average distance inside vessel are very close.
As discussed in Section III, the performance of small bowel segmentation relies on the performance of mesenteric vasculature segmentation. But the extent of dependence (sensitivity) is not clear. To evaluate the sensitivity of small bowel segmentation on vessel segmentation, experiments with different accuracies of small vessel segmentation were conducted independently, as the performance of vessel tracing for major arteries is stable for different cases. We tested two parameters which can affect the performance of vesselness enhancement, one is the thickness of slab for building MIP images, and the other is the threshold value in Frangi's filter. The corresponding results are shown in Fig. 14 , and we can see that there is no significant improvement of small bowel segmentation when the volume overlap of vessels is above 72%. That is, the performance of small bowel segmentation is stable whenever we can get adequate vessel segmentation. This is the reason why our results rely more on extremas of vessels than on the accurate segmentation of vessels.
For the segmentation of the small bowel, the purpose is not segmenting the path (centerline) of the small bowel but the small Table II . From Fig. 15 and Table II , we can see that the method can segment most of expected small bowel regions, with high Dice's coefficient and high false positive rate. From the 3-D results shown in Fig. 16 , we can see that the segmented small bowel region has the similar spatial configuration compared to the manually labeled data as shown in Fig. 2 .
To study the causes of false positives to improve segmentation performance, the locations of the false positives were determined. Each false positive was double-checked visually and labeled by its location, such as colon, muscle, or other organ. Some of the "false positives" were found to in fact be small bowel which was not properly annotated in the ground truth. Small errors in the reference standard of the small bowel mask are unavoidable given the complicated tortuosity and continually varying size of the small bowel on CT scans. Thus, it is not surprising that some bits of small bowel could be missing from the reference standard yet detected by the algorithm, leading to false positives that are actually on the small bowel. As shown in Table III , most false positives belong to the colon (Figs. 15   and 16 ). The false positives belonging to colon, muscle, and other organs are mainly caused by intensity similarity, leakage of the region growing algorithm, and the existence of vessels around these organs. Colon and muscle have almost the same intensity distribution as the small bowel. Many vessels along the side of the colon were incorrectly detected as the small bowel mesenteric vessels (Fig. 16 ). This is because these vessels connect to the superior mesenteric artery indirectly via the "true" mesenteric vessels supplying the small bowel. As shown in the black rectangle regions in Fig. 15 , some small bowel segments touch each other. It is not possible to label them accurately with tubular structures using the manual segmentation tool because the bowel edges are not resolvable and tracing the path of the small bowel in the 3-D volume is extremely difficult. The ground truth missed some bits of the small bowel, which contributed to less than 9% of the false positives. Fortunately, this percentage does not affect the evaluation appreciably.
False negatives are mainly caused by over-segmenting the muscle because of the variation of the muscle shape and thickness, and because of missing small mesenteric vessels.
As indicated in Table III , to reduce false positives and further improve the performance of small bowel segmentation, more effort should be made to remove the colon from candidate re- gion. To do so, we tried a supervised learning method to detect the small bowel region directly from CT images. The feature set consists of intensity features such as mean, median and histogram, and texture features such as entropy, standard deviation, contrast, correlation, energy and homogeneity. We used support vector machine (SVM) as the classifier. We tested the method on all cases. One of the detection results are shown in Fig. 17 . It is apparent that statistical driven methodology cannot work well by itself, but it can help improve the result of small bowel segmentation. Fig. 18 shows our final goal of small bowel segmentation with manually set colon region. 
V. DISCUSSION
In this paper, we presented a novel method to segment the entire small bowel region on 3-D high-resolution CT data, a very challenging task. To our knowledge, this is the first method to perform complete small bowel segmentation. Motivated by the facts that segmenting blood vessels is easier than segmenting the small bowel and that there are strong anatomic relationships between the mesenteric vasculature and the small bowel, we proposed a mesenteric vasculature-guided method to segment the small bowel. The method identifies the internal abdominal region, segments the mesenteric vasculature, and then segments the small bowel using the mesenteric vasculature as a roadmap. The method is an important prerequisite for future small bowel CAD systems. We found a volume overlap accuracy of 82.5%, which supports the use of the mesenteric vasculature as a roadmap to segment the small bowel on CTA scans. During the preprocessing, we located the spine, pelvic bones, SAT fat, and abdominopelvic muscles, which used our previous work to identify body contour, spine and SAT fat. Locating these anatomical structures introduces extra computational cost but reduces false positives and improves the accuracy of small bowel segmentation.
To segment the mesenteric vasculature, we made contributions to both large and small vessel detection. An adaptive tracing method segments the major abdominal arteries. It can handle large variations in vessel direction, size, shape, and intensity by using a multi-linear subspace appearance model which was updated adaptively during tracing. The matching between successive steps is formulated as a probability optimization problem under the Bayesian inference framework, which enhances the generalizability. As shown in the experiment, major artery tracing performed well. To segment small mesenteric vessels, we used multi-scale, multi-view vesselness enhancement filters with additional steps to remove nonvessel line structures and nonmesenteric vessels using statistical classification and a local distance map.
The low contrast, small size, and complex structure of mesenteric vessels make their detection very challenging. While our method can segment enough vessels for small bowel segmentation, we can improve the vessel segmentation in two respects. One is to combine the vesselness enhancement in a 3-D volume with the multi-view multi-scale vesselness enhancement on MIP images. The other is to eliminate redundant or nonvessel line structures from double-edges on large vessels and large edges on organ boundaries.
To segment the small bowel, we proposed a novel method using the mesenteric vasculature as a roadmap, where extremas of mesenteric vasculature serve as the initialization seeds and fuzzy-connectedness localizes the small bowel region. We also built a complete mesenteric vessel tree by detecting end points of vessel segments and reconnecting disconnected vessel segments.
As mentioned in Section III-D, we built a sketch vessel tree, which may introduce incorrect branching patterns. Local or global optimization methods, such as minimum spanning tree, can be used to reduce these incorrect branches.
The mesenteric vessels also supply the colon with blood. Colonic vessels should be recognized and removed before small bowel segmentation. An intuitive idea is to model the branching pattern, and label different branches of the vessel tree according to the anatomic structure they supply. The vessel branches follow a known branching pattern, e.g., the duodenum, jejunum, ileum, and colon. We recently reported progress on automatic anatomical labeling of mesenteric arteries [29] using size, direction, relative position and branching pattern. The labeled vessel tree may enable automated distinction between the colon and small bowel. Other methods [30] , [31] have been proposed to model vessel trees. Lu et al. [30] used a hierarchical machine learning approach to label and segment generic tubular structures in medical images. Statistical machine learning methods have their merits to handle uncertain problems, such as missing arteries because of vessel segmentation limitations. In future work, we can combine such methods with ours to label mesenteric arteries.
Another approach to distinguish the colon and small bowel is to incorporate statistically-driven methodologies such as the SVM classification of intensity and texture features to remove part of the colon (Fig. 17) . However, some parts of the small bowel will have similar features as parts of the colon. To enhance the power of distinguishing the colon and small bowel, more discriminative features should be adopted. Lu et al. [32] proposed a set of geometric and spatial features, including volume, length, area, volume-length ratio, and area-length ration, to distinguish colon from noncolon regions on CT colonography. For example, the colon is larger than the small bowel, so multi-scale local shape features such as volume-length and area-length ratios may be useful in classification.
Practical applications of small bowel segmentation include more precise localization and automated detection of sites of obstruction, stenosis, tumors, inflammation, bleeding, and inflammatory bowel disease. It is very important for small bowel diagnosis as the traditional methods of exploring and examining the small bowel have proved inadequate [33] . Combining the 3-D visualization of the small bowel, it can assists in preoperative planning. Additional applications include the automated detection of mesenteric ischemia, thrombosis and lymphadenopathy and small bowel malrotation and hernias. Segmentation of the normal small bowel will also prove advantageous. It may enable detection of abnormal structures in the abdomen outside the small bowel that are presently difficult to detect because of the complexity and large volume of the small bowel.
Our future work mainly includes three parts, more accurate reference data, color-mapping the small bowel region, and extracting the path of the small bowel. Although the size of the dataset is currently small, it helps us to evaluate the feasibility of our idea to segment the small bowel. We will label more data in future work. To improve the accuracy of the reference standard, we can "paint" (identify all voxels within) the small bowel on all slices instead of using tubular structures to approximate it. For improving the localization of different types of small bowel tumors, it will be useful to segment the small bowel into three parts: the duodenum, the jejunum, and the ileum which may be inferred by analyzing the thickness and frequency of the small bowel folds and analyzing the configuration of the mesenteric vessel tree [29] . As reported in [33] and [34] , around 30% of tumors are located in the ileum and 25% in the duodenum. In malignant neoplasms, the duodenum is the most probable location for adenocarcinoma, while the ileum is the most likely location for carcinoid tumor and lymphoma. The extraction of the small bowel path will be important for clinical application. Given the location and path of the small bowel tumor in the 3-D volume, we can determine if the tumor is located inside the small bowel and its distance from a reference point (the stomach, terminal ileum or ligament of Treitz). This information may enable better preoperative planning and reduce injury to the patient.
Small bowel segmentation is a prerequisite for identifying the small bowel path. Small bowel path finding is a very difficult problem compared to that of colon path finding on CT colonography (CTC). In CTC, the colon is distended with air, larger than the small bowel, infrequently in close apposition with other colonic segments and much easier to segment and determine its path. The small bowel is much longer than the colon, cannot be reliably insufflated with air throughout its length, and is packed tightly in the abdomen with frequent apposition of small bowel segments making it difficult to separate abutting bowel segments. To extend small bowel segmentation to identify the small bowel path, it may be possible to use detailed mesenteric vessel anatomic labels to find waypoints along the small bowel.
